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a) we only consider match instances with evidence of fatigue (but no

evidence of motivation);

b) we only consider match instances with evidence of motivation (but no

evidence of fatigue);

c) we only consider match instances with evidence of both fatigue and

motivation;

d) we only consider match instances where neither evidence of fatigue nor

evidence of motivation exist.

Assuming that we rank profitability-based performances from 1 to 4 (1 being
finest), the results suggest that evidence of fatigue provided the worse overall
performance with resulting ranks of 3, 4, 4 and 4 under procedures BP;, BP,,
BP; and BP, respectively. This suggests that we have, most likely,
overestimated the negative impact of fatigue for a team (e.g. the number of
days gap since last competing match, the toughness of previous match,
involvement in European competitions, and player participation with their
national team). On the other hand, motivation (whereby the quality of the
input is predominantly dependent on the expert) provided performances with
resulting ranks of 4, 1, 3 and 1 under the four respective betting procedures,
and signs of improvement (relative to test (d)) in forecasting capability are

observed only under two of the four betting procedures.
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Figure 7.13. Cumulative unit-based returns based on BP,, for component levels 1, 2 and 3.

7.4.4. Team-based market inefficiency

The results reported in this section add further evidence of market inefficiency
to an already extensive list, particularly in the presence of regular
predetermined biases, arbitrage opportunities, as well as conflicting daily
adjustments in published odds between firms (Chapter 5). Table 7.5
demonstrates a team-based profitability assessment, where the percentage
values represent the returns U of a team relative to the returns over all teams
based on the specified betting procedure!.

Our results demonstrate notable differences in profitability for five out
of the twenty teams. In particular, for match instances involving Liverpool,
QPR, Arsenal and Newcastle our model generated notable higher returns
relative to the overall team, whereas for match instances involving Chelsea

our model generated notable lower returns. Figure C.5.1 illustrates the team-

4 If for the specified betting procedure a team generates returns A which are equal to the

returns B generated by all of the teams (overall), then team A is 100% related to set B.
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based explicit returns throughout the season against market odds for the

above five teams. Results show that:

a)

market odds overestimated the performances of Liverpool at a
consistent rate, and particularly over the final third of the season
(during which Liverpool accumulated only 10 points during their last
10 EPL matches). This allowed our model to generate profitable

returns during the specified period;

as in (a), the same applies to Arsenal but to a lower extent. This
allowed our model to generate profitable returns during the specified

period;

market odds underestimated the performances of Newcastle at a
consistent rate, and particularly over the first half of the season. It is
important to note that Newcastle finished at position 5 with 65 points
after being promoted to the EPL only a season earlier. This allowed our

model to generate profitable returns during the specified period;

we do not consider that market odds underestimated performances of
QPR at the absence of consistency and high uncertainty in returns;
profit was generated due to a pair of match instances with excessive

returns;

our model overestimated the performances of Chelsea, particularly over
the first two thirds of the season, at a consistent rate. This is highly
likely to be due to Chelsea's erratic performances under a new manager
who has been sacked during that period. This led our model to generate

unprofitable returns during the specified period. The returns over the
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final third of the season,

during which Chelsea provided more

consistent performances under a new manager, appear to be evened.

Table 7.5. Team-based returns relative to overall returns for the specified betting procedure.

Betting Procedure:

Rank Team 1 2 3 4 5.1. 5.2. 5.3. 5.4. Average
1 Man City -28.00%  -21.59%  -17.96% = -36.49% 9.88% 9.75% 8.93% 3.65% -8.98%
2 Man Utd -37.57%  -14.46% 21.83% -24.01% 6.35% 6.34% 8.05% 6.47% -3.37%
3 Arsenal 111.74% 49.49% 68.91% 59.98% 4.82% 4.93% 7.18% 16.71% 40.47%
4 Tottenham -25.84% 15.97% 32.22% 8.78% 12.14% 12.07% 12.39% 9.77% 9.69%
5 Newcastle 76.20% 19.77% 83.19% 39.44% 10.43% 10.33% 13.22% 19.25% 33.98%
6 Chelsea -97.38% -9.16%  -108.64%  -112.74% 11.51% 11.80% 9.60% 3.11% -36.49%
7 Everton -32.39%  -12.66%  -27.98%  -30.82% 13.82% 13.82% 12.75% 9.55% -6.74%
8 Liverpool 175.87% 76.32% 192.25%  237.84% 27.83% 27.69% 29.59% 36.40% 100.47%
9 Fulham -25.18% 17.84% -10.08% 7.17% 5.66% 5.94% 5.30% 7.18% 1.73%
10 West Brom 62.23% -8.55% 23.44% 31.22% 14.67% 14.38% 14.67% 15.96% 21.00%
11 Swansea 59.54% 2.68% -7.67% 7.64% 7.29% 7.09% 6.31% 6.29% 11.15%
12 Norwich -55.93% 2.45% -47.79%  -32.66% 7.72% 7.65% 6.92% 4.51% -13.39%
13 Sunderland -15.61% 9.47% -24.50%  -24.76% 4.52% 4.52% 4.42% 3.06% -4.86%
14 Stoke 16.79% 36.62% 15.39% -12.31% 6.88% 7.24% 7.41% 5.75% 10.47%
15 Wigan -121.84% 4.38% 3.66% 95.50% 9.06% 9.22% 7.78% 8.09% 1.98%
16 Aston Villa -70.95% 20.29% -25.35%  -20.34% 7.23% 7.73% 6.39% 4.33% -8.83%
17 QPR 128.59% 17.80% 59.61% 91.06% 4.88% 4.69% 6.01% 19.33% 41.50%
18 Bolton 29.70% 2.62% 5.47% -2.27% 7.36% 7.25% 7.65% 9.16% 8.37%
19 Blackburn -9.84% -24.90%  -33.66%  -52.58% 11.20% 10.95% 9.99% 3.39% -10.68%
20 Wolves 59.87% 15.64% -2.34% -29.65% 16.73% 16.62% 15.45% 8.03% 12.55%

7.4.5. Performance comparison against the previously
published BN model

Figures C.6.1, C.6.2 and C.6.3 compare the unit-based cumulative returns

over a period of 380 match instances (but for different seasons'®) between the

two models. The results show that the new model generates superior returns

under all of the betting procedures'®. In particular, for BP; and BP, the model

15 We compare the forecasting capability between the two models relative to market odds,

where the old version was assessed over the EPL season 2010-2011, and the new version

(presented in this paper) over the EPL season 2011-12.

16 Following the discussion in Section 7.4.1, we have ignored the scenarios whereby the

discrepancy levels of BP; and BP, are set to = 11%.
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This chapter is organised as follows: Section 8.2 presents the rating
system, we discuss the results in Section 8.3 and we provide our concluding

remarks and future work in Section 8.4.

8.2 The rating system

The rating system, which we call pi-rating, generates performance values that
are meaningful in terms of diminished score difference (goals in this case)
relative to the average opponent. A new team receives an initial rating of 0,
and a rating of 0 represents the rating of the average team relative to the
residual teams'. This implies that no inflations or deflations of overall ratings
occur over time and thus, if one of the teams gains rating n then the

adversary loses rating n.

When it comes to football, to generate ratings that accurately capture

a team's current ability, we have to at least consider:

a) the well known phenomenon of home advantage (Clarke & Norman,

1995; Hirotsu & Wright, 2003; Poulter, 2009);

b) the fact that most recent results are more important than less recent

when estimating current ability (see Chapters 6 and 7);

If the rating is applied to a single league competition, the average team in that league will
have a rating of 0. If the rating is applied to more than one league in which adversaries
between the different leagues (or cup competitions) play against each other, the average team

over all leagues will have a rating of 0.
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Table 8.1. Distinct and cumulative diminishing returns for subsequent goal difference values

which are greater than 1.

Goal Distinct Cumulative
Difference Diminished Diminished

(GD) Reward (GD) Reward ()2

1 1 1

2 0.5 1.5

3 0.3333 1.8333

4 0.25 2.0833

5 0.2 2.2833

6 0.1666 2.45

7 0.1428 2.5928

8 0.125 2.7178

9 0.1111 2.8289

10 0.1 2.9289

8.2.3. Determining the learning rates

In football, new observations are always more important than the former, and
no matter how home and away performances differ for a team, we can still
gain some information about a team's next away performance based on its
previous home performance (and vice versa). Thus, determining optimal
learning rates for the variables 4 and y is paramount for generating ratings

that accurately capture the current level of performance of a team.

The learning rates 4 and y can take values that go from 0 to 1. A
higher learning rate A determines to what extent the newly acquired
information of match results will override the old information in terms of

rating, and a higher learning rate y determines the impact the home

2 A linear diminished reward is introduced between two integer values (i.e. when the goal

difference is set to 1 + (% X 1) = 1.5 then the cumulative diminished reward is 1 + (% X 0.5) =

1.25).
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performances have on away ratings (and vice versa). For instance, when
A=0.1 a team's rating will adjust with cumulative updates based on new
match results with a weighing factor of 10%, and when y = 0.5 a team's home
performances will affect that team's away ratings with a weighting factor of

50% relative the revision of the home rating.

In determining the optimal learning rates we have assessed the ratings
generated for different values of A and y by formulating score-based
predictions about the last five English Premier League (EPL) seasons; 2007/08
to 2011/12. For training the learning rates® we have considered relevant
historical data (Football-Data, 2012) beginning from season 1992/93 (and up
to the previous season of that tested). Accordingly, if a combination of the
learning rates A and y increase the forecast accuracy, then we assume that

both A and y are a step closer to being optimal.

Figure 8.2 illustrates how parameters A and y affect the error in
predicted score difference over the EPL seasons 1997/98 to 2006/07 inclusive,
where the error is simply the difference between predicted and observed goal
difference (e.g. if a model predicts +1 goal for the home team and the
observation is +1 goal for the away team then the absolute score error is 2
goals). Our results show that combinations of 4 and y where 0.01 < 4 < 0.02
and 0.05 < y < 0.7 provide the best choices for optimum learning rates, and

clearly demonstrate the significance of the A parameter relative to y.

8 The first five EPL seasons (1992/93 to 1996/97) are solely considered for generating the
initial ratings of the competing teams. This is important because training the model on
ignorant team ratings (i.e. starting from 0) will negatively affect the training procedure. Thus,
learning rates A and y are trained during the subsequent ten seasons; 1997/98 to 2006/07

inclusive.
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Accordingly, we have chosen the learning rates of 1 = 0.02 and y = 0.5;
values that are towards the maximum of those suggested as best choices by
Figure 8.2 in order to allow for more rapid convergence of ratings in cases
whereby teams spend hundreds of millions on new star players and completely
change the profile of the team. This handles examples such as that of
Manchester City's recent spending spree whereby a team that had failed to

even challenge for the title in 44 years, improved so drastically in the last two

years that they won it in 2012 (Scott M., 2012).

133
134
133
132
131
13
1219
128
127 ¢
126
123
124
123
122

033 . o
02 RN
0.05

ko T
o :
6 PQY°
RS
R

Figure 8.2. Estimating optimum A and y learning rates based on score-based error e for the

EPL seasons 2007/08 to 2011/12.
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8.2.4. Updating pi-ratings: An Example

Suppose that we have a match instance where team a (the home team) with
ratings {Rgy = 1.6, R,y = 0.4} plays against team [ (the away team) with
ratings {RﬁH=O.3,RﬁA=—1.2}. Converting the ratings to expected goal
difference based on Figure 8.1 and Table 8.1 we retrieve the following

information:

e team «a is expected to win by 2.3 goals difference against the average

opponent when playing at home;

e team a is expected to win by 0.4 goals difference against the average

opponent when playing away;

e team f is expected to win by 0.3 goals difference against the average

opponent when playing at home;

e team f is expected to lose by 1.4 goals difference against the average

opponent when playing away.

Using the above information we can formulate predictions regarding the
expected goal difference between the two teams at the specified ground. For
this example, we have to consider team's @ current home rating and team's f§
current away rating; the expected goal difference is +3.7 for team a. Suppose
that we observe the score '4 —1' (43 for team «), and that the learning rates

are set to A = 0.1 and y = 0.3. The old ratings are revised as follows:

Step 1: calculate the diminished rewards ¥ based on the difference between

expected and observed goal difference per team:
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team @ — (4—1) — (2.3 —(-14)) =3 —3.7 = —0.7%
team f — (1—4) —(-1.4—2.3) = -3+3.7 = +0.7.

Step 2: update team's a and team's f home and away ratings respectively

based on the learning rate A and variables Yy and ¥, from step 1:

team a — R'gg = 1.6 + (—0.7) X 0.1 = 1.53 (down from 1.6);
team f — R'gp = —1.2 + (+0.7) X 0.1 = —1.13 (up from —1.2).

Step 3: update team's a and team's [ away and home ratings respectively

based on the learning rate y and revised ratings R’y and R'g, from step 2:

R'oa = 0.4 + (1.53 — 1.6) X 0.3 = 0.379 (down from 0.4);

Ry = 0.3 + (—1.13 = (=1.2)) x 0.3 = 0.321 (up from 0.3).

Even though team a won team f '4 —1', team's a ratings are decreased from
{Ryy = 1.6,R,, = 0.4} to {Ryy = 1.53,R,;4 = 0.379}, and team's B ratings are
increased from {R[;H =0.3,Rpy = —1.2} to {R[;H = 0.321,Rgy = —1.13}. This
happened because according to the ratings team a was expected to win team

[ by 3.7 goals.

4 Since the difference is < 1 the outcome is not diminished.
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8.3 Betting performance and

rating development

In an attempt to examine how well the rating captures a team’s performance,
we have used it as the basis of a football betting strategy against published
market odds for the EPL seasons 2007/08 to 2011/12 inclusive. For assessing
the profitability of the pi-rating system we have considered the learning rates
A=0.02 and y = 0.5, as suggested in Section 8.2.3, and formulated result-

based predictions.

The predictions are based on how two adversaries with difference n in
ratings performed throughout the training data; the ratings are divided into
intervals of 0.10 (from —> 1.1 to +> 1.6) and the closer the difference
between ratings is to an interval the more important the historical predictive
distribution of that interval becomes between the two®. The granularity of 28
intervals of team ratings has been chosen to ensure that for any rating
combination (i.e. a team of rating x at home to a team of rating y) there are
sufficient data points for a reasonably well informed prior for the result-based

predictive distribution {p(H),p(D),p(4)}.

For betting simulation, we have followed a very simple strategy

whereby for each match instance we place a £1 bet on the outcome with the

® The impact of the two intervals, for which the difference in rating between teams lies, is
measured in absolute percentage difference from the rating value (i.e. if the rating value is 6
points away from interval x and 4 points away from interval y, then the impact of the

predictive distribution of interval x is 60%, whereas it is 40% for that of interval y).
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highest discrepancy of which the pi-rating system predicts with higher

probability relative to published market odds®.

Figures 8.3 and 8.4 demonstrate the distinct and overall cumulative
profit/loss observed against published market odds during the five specified
EPL seasons. Table 8.2 presents the summary statistics of the betting
simulation. Overall, the technique is profitable which implies that the rating
system properly captures the ability of a team at any time interval

throughout the season.

100 s
o _F (Y
'_,1 " ‘W‘-;r‘\s;‘“\ v s .

8 D 7 a wal ' o

Profit in Units

1 51 101 151 20 251 301 351
Match Instance
----- 2011/12 ----- 2010/11 ====-2009/10 2008/09 ——2007/08

Figure 8.3. Distinct cumulative profit/loss observed against published market odds during the

EPL seasons 2007/08 to 2011/12 inclusive.

6 We have considered the Betbrain maximums (best available for the bettor) published odds

as provided by (Football-Data, 2012) which are recorded on Friday afternoons.
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Figure 8.4. Overall cumulative profit/loss observed against published market odds during the

EPL seasons 2007/08 to 2011/12 inclusive.

Table 8.2. Betting simulation: outcomes and statistics.

EPL Match Number Total Total Profit/
season instances of bets Bets won stakes returns Loss
2007/08 380 375 120 (32%) £375 £357.56 -£17.44
2008/09 380 379 139 (36.67%) £379 £416.23 +4£37.23
2009/10 380 379 97 (25.59%) £379 £330.52 -£48.48
2010/11 380 378 131 (34.65%) £378 £442.85 +4£64.85
2011/12 380 380 128 (33.68%) £380 £459.82 +4£.79.82
TOTAL 1900 1891 615 (32.52%) £1891 £2006.98 | +4£115.98

Figure D.1.1 illustrates how the pi-ratings develop for the six most

popular EPL teams over the course of the last 20 seasons, whereas Figure 8.5

illustrates how the pi-ratings develop for those identical teams during the last

five seasons (1900 match instances) if we consider no previous relevant

historical information. In particular, at match instance 1 (first match of

season 2007/08) all six teams start at rating 0. By considering the suggested

learning rates of A = 0.02 and y = 0.5, the development of the rating shows

that two seasons of relevant historical outcomes (76 match instances per
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to perform indifferently to home and away grounds. This outcome is
consistent with (Clarke & Norman, 1995) who, in fact, reported that in many

cases a team can develop a negative home advantage.
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Figure 8.6. Development of the pi-ratings based on individual home and away performances

for the specified teams” and from season 2007/08 to 2011/12 inclusive.

" For the newly promoted team Wolves the development of the ratings start at match

instance 760 since no performances have been recorded relative to the residual EPL teams

during the two preceding seasons.
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from a degree of inaccuracy. This intended inefficiency, including any
other that might be unknown, can be exploited using sophisticated

probabilistic models that are sufficiently accurate for that matter.

2. Since the vast majority of the previous relevant academic studies
(which have failed to demonstrate profitability that is consistent over
time against published market odds) were solely focused on purely
statistical and data-driven approaches to prediction, a novel BN model
that considers both objective and subjective information for prediction
(whereby subjective information represents information that is
important for prediction but which historical data fails to capture)
should be able to provide superior forecasting capability in an attempt

to beat the market.

In (Dixon & Coles, 1997) the authors claimed that for a football
forecast model to generate profit against bookmakers' odds without
eliminating the in-built profit margin it requires a determination of
probabilities that is sufficiently more accurate from those obtained by
published odds, and (Graham & Stott, 2008) suggested that if such a work

was particularly successful, it would not have been published.

9.2 Summary of results

The hypotheses are met to full extent. The most important results of this

research are summarised, by Chapter, as follows:
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Chapter 4: Demonstrates that all of the various measures of accuracy
used by all of the previous relevant academic studies for determining
the forecast accuracy of football models are inadequate since they fail
to recognise that football outcomes represent a ranked (ordinal) scale
probability distribution. This raises severe concerns about the validity
of conclusions from previous studies. We have proposed a well-
established measure of accuracy, the Rank Probability Score (RPS),
which has been missed by previous researcher, but which properly
assesses football forecasting models. This work has been published by

the Journal of Quantitative Analysis in Sports.

Chapter 5: Provides numerous evidence of an (intended) inefficient
Association Football gambling market. This work has been submitted

for publication in an international academic journal.

Chapters 6 and 7: A novel BN model was presented that was used to
generate the EPL match forecasts during season 2010/11. This was the
first academic study to demonstrate profitability against all of the
(available) published market odds, and this work has been published by
the Journal of Knowledge-Based Systems.

A Bayesian network model that not only simplified the
previously published model, but also provided improved forecasting
capability by generating even higher profitability was used to generate
the EPL match forecasts during season 2011/12. This work has been

submitted for publication in an international academic journal.
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Both of the models:

1. consider both objective and subjective information for
prediction;

2. considered subjective indications by the same member of the
research team, who is a football fan but definitely not an expert
of the EPL;

3. demonstrated that subjective information improved the
forecasting capability of the model significantly;

4. generated predictions before the matches were played, and

predictions were published online at www.pi-football.com;

5. are easily applicable to any other football league;

6. emphasised the importance of Bayesian networks.

Chapter 8: Presents a novel rating system (pi-rating) for determining
the level of ability of football teams on the basis of the relative
discrepancies in scores through relevant match instances. This rating
system is computationally efficient with minimal complexity, and is the
first academic study to demonstrate profitability against published
market odds by using such a simple technique. This rating system
proceeds with dynamic modifications after every new match instance is
observed by generating values that are meaningful in terms of
diminished score difference relative to the average adversary within
that league. Furthermore, even though the models presented in
Chapters 5 and 6 appeared to be particularly successful at beating
bookmakers' odds, their forecasts did not incorporate score-based

information about the relevant football teams. Therefore, the pi-ratings
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can be incorporated in football forecast models such as those of
Chapters 5 and 6 in an attempt to further enhance their forecasting
capability. In fact, the pi-ratings simplify the process for a forecasting
football model in the sense that the rating values reflect a team's
current performance and thus, further factors and techniques that are
normally introduced for determining the 'form' of a football team by

weighting the more recent results become redundant.

9.3 Possible future directions

The results of this Ph.D research suggest many possible future research

directions. Below we enumerate some of them:

1. what appears to be missing from the academic literature is how bettors
can take advantage of the various bonuses (e.g. deposit bonus) offered
by many of the online bookmakers in an attempt to further increase

profitability;

2. almost all of the past studies have only focused on {p(H),p(D),p(A)}
odds for deriving conclusions, primarily due to availability limitations.
It would be very interesting to investigate how the betting markets
behave for bets other than the standard football outcomes (i.e. players,

goal-lines, cards, correct scores, tournament outrights etc.);

3. to investigate how the gambling market behaves during live betting.

Live betting has emerged along with online betting and it has now

199




Concluding remarks and future work CHAPTER 9

become exceptionally popular. In fact, bookmakers have reported that
live betting accounts for the majority of the betting stakes
(approximately 75% of the total volume of stakes has been reported by
(bwin Group, 2010), which in turn represents a growth of

approximately 7.1% from the previous year);

clearly the real potential benefits of our two models presented in
Chapters 6 and 7 are critically dependent on both the structure of the
model and the knowledge of the expert. A perfect BN model would still
fail to beat the bookmakers at their own game if the subjective inputs
are erroneous. Because of the weekly pressure to get all of the model
predictions calculated and published online, there was inevitable
inconsistency in the care and accuracy taken to consider all the
subjective inputs for each match. In most cases the subjective inputs
were provided by a member of the research team who is certainly not
an expert on the English premier League. If the model were to be used
by more informed experts we feel it would provide posterior beliefs of

both higher precision and confidence;

to determine the importance of the pi-ratings as inputs to the Bayesian

network models that we have proposed in Chapters 6 and 7;

to assess the value of pi-ratings in evaluating the relative ability of
teams between different leagues by considering relevant match
occurrences between teams of those leagues (e.g. Uefa Champions
League). If successful, this will allow us to answer interesting questions

such as ‘'which football league is best; the English Premier League or
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Appendix A.1

The observations found for each competing team monitored were divided into

the following six categories:

1. First team players missing the match (negative impact)

2. First team players returning back to action (positive impact)
3. Key player missing the match (negative impact)

4. Key player returning back to action (positive impact)

5. Managerial or ownership issues (positive or negative impact)

6. Other important factors (positive or negative impact)

We have introduced key-players as a distinct category' since each team
normally has 1 or 2 key players which may cause significant problems to their
teams if they are absent. For each observation, one of the two teams receives
a score of +1 and the team with the highest score was expected to have the
odds adjusted such that the probabilities for winning the particular match are
increased in its favour. The results appear to be appealing and are

summarised below:

e During the specified period of this study 252 matches were played. We
have observed that 129 of those matches had their odds adjusted at
least once by bwin, and 71 matches by Sportingbet, which translates to
the respective adjustment rates of 64.50% and 35.50%. The resulting

total of 200 cases considered 149 distinct matches; implying that

! Categories (3) and (4) are not subsets of (1) and (2).
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59.12% of those 252 matches received at least one adjustment by at
least one of the two bookmakers.

e In 98 out of the 200 cases only one bookmaker provided adjustments,
whereas both bookmakers provided adjustments in the remaining 102
cases. However, 12 out of those 102 cases resulted in contradictory
adjustment (e.g. bwin decreased the probability for a home win but
Sportingbet increased the probability for that same outcome).

e In 63 cases the odds were adjusted on the day of the event, in 83 cases
before the day of the event, and in 23 cases an adjustment was
observed both before and on the day of the event?.

e At least one cause was found (from categories 1 to 6 above) for each
match adjustment in only 85 out of the 200 cases; implying that 57.5%
of match adjustments could not have been explained by our selected
factors.

e In 76 out of those 85 cases the evidence pointed towards one of the two
competing teams. However, only in 47 out of those 76 cases (61.84%)

does the evidence agree with the adjustment.

2 We have missed this type of information for the first 31 observations and thus, we only

report on a total of 169 observations.
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Appendix A.2: Percentage shifts in published odds

Table A.2.1: Percentage shifts in published odds for bookmakers Sportingbet and bwin, from

07/11/2009 to 09/05/2010. A total of 200 occurrences are reported.

Central
Initial probabilities Final probabilities Tendency
Match date ~ Bookmaker Home team Away team  p(H) pD) p) pH) pD) p4) difference?
07/11/2009 bwin Blackburn Portsmouth | 45.08 28.88 26.03 | 47.32 2839 24.28 1.99
07/11/2009 bwin Aston Villa Bolton 54.30 25.64 20.07 | 52.77 27.16  20.07 0.77
07/11/2009 Sportingbet Aston Villa Bolton 54.98 2592 19.10 | 52.67 27.56 19.77 1.49
07/11/2009 bwin Man City Burnley 68.55 20.56 10.89 | 72.25 1850  9.25 2.67
07/11/2009 bwin Tottenham Sunderland 59.48 26.34 14.18 | 61.53 25.29 13.18 1.53
07/11/2009 | Sportingbet Wolves Arsenal 12.07 2155 66.39 | 11.32 21.57 67.11 0.73
08/11/2009 | Sportingbet Hull Stoke 35.75 2849 35.75 | 35.16 29.67 35.16 0.00
08/11/2009 bwin Hull Stoke 3697 26.79 36.24 | 33.72 2991 36.37 1.68
08/11/2009 Sportingbet Chelsea Man United | 45.38 27.93 26.69 | 46.69 28.02 25.29 1.36
21/11/2009 | Sportingbet Liverpool Man City 49.22  28.02 2276 | 50.52 26.75 22.73 0.67
21/11/2009 bwin Liverpool Man City 49.89 2840 21.72 | 49.84 27.12 23.05 0.69
21/11/2009 | Sportingbet | Birmingham Fulham 36.46 28.48 35.06 | 38.63 2837 33.01 2.11
21/11/2009 bwin Birmingham Fulham 37.02 28.05 3493 | 36.89 30.74 32.36 1.22
21/11/2009 Sportingbet Burnley Aston Villa 31.28 27.49 41.23 | 29.28 27.50 43.22 1.99
21/11/2009 bwin Burnley Aston Villa | 32.36 27.53 40.10 | 29.36 27.61 43.02 2.96
21/11/2009 bwin Chelsea Wolves 76.92 1538 7.69 | 76.86 14.76 8.38 0.38
21/11/2009 bwin Hull West Ham 3424 28.02 37.74 | 33.57 2797 38.46 0.70
21/11/2009 | Sportingbet Sunderland Arsenal 15.15 2424 60.61 | 17.24 25.14 57.62 2.54
21/11/2009 bwin Sunderland Arsenal 1477 25.65 59.58 | 16.03 26.34 57.62 1.61
22/11/2009 | Sportingbet Bolton Blackburn 4343 28.06 2850 | 39.47 29.76  30.77 3.12
22/11/2009 bwin Bolton Blackburn 52.74 26.75 20.51 | 41.90 28.36 29.74 10.03
22/11/2009 | Sportingbet Tottenham Wigan 64.80 22.68 1251 | 62.74 24.26 13.00 1.27
22/11/2009 | Sportingbet Stoke Portsmouth | 43.22 27.50 29.28 | 44.22 27.89 27.89 1.19
28/11/2009 bwin Man City Hull 7124 1950 9.26 | 73.85 1846  7.69 2.09
28/11/2009 bwin Aston Villa Tottenham | 40.10 27.53 32.36 | 39.36 27.61 33.03 0.71
29/11/2009 | Sportingbet Arsenal Chelsea 36.46 28.48 35.06 | 35.59 28.81 35.59 0.70
29/11/2009 Sportingbet Everton Liverpool 31.81 27.90 40.29 | 27.46 28.32 44.21 4.13
29/11/2009 bwin Everton Liverpool 29.86 28.05 42.08 | 28.00 28.00 44.00 1.89
05/12/2009 | Sportingbet Arsenal Stoke 72.73 18.18 9.09 | 74.38 16.53  9.09 0.83
05/12/2009 Sportingbet Blackburn Liverpool 21.57 26.65 51.78 | 20.12 26.63 53.25 1.47
05/12/2009 bwin Blackburn Liverpool 20.59 2647 5294 | 1845 25.63 55.92 2.56
05/12/2009 Sportingbet West Ham Man United 1455 22,73 6272 | 1215 2278 65.08 2.38
05/12/2009 bwin West Ham Man United | 12.86 24.65 62.49 | 1233 22.55 65.12 1.58
05/12/2009 bwin Man City Chelsea 23.36  26.75 49.89 | 21.57 26.89 51.54 1.72
06/12/2009 | Sportingbet Everton Tottenham 35.06 2848 36.46 | 32.34 28.30 39.37 2.81
06/12/2009 bwin Everton Tottenham 35.51 27.56 36.93 | 29.86 28.05 42.08 5.40
12/12/2009 bwin Bolton Man City 23.05 27.12 49.84 | 21.04 26.07 52.89 2.53
12/12/2009 bwin Chelsea Everton 73.85 1846 7.69 | 7579 16.81  7.40 1.12
12/12/2009 | Sportingbet Man united Aston Villa | 67.04 20.89 12.07 | 62.81 22.68 14.51 3.34
12/12/2009 bwin Man united Aston Villa | 65.96 21.73 12.31 | 65.06 21.74 13.20 0.89
3 Difference between ordinal distribution means with values {0,0.5,1} for outcomes

{p(H),p(D),p(A)} respectively.
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13/12/2009 | Sportingbet Liverpool Arsenal 41.31 2840 30.29 | 43.24 2838 28.38
13/12/2009 bwin Liverpool Arsenal 43.04 2892 28.04 | 45.12 2846 26.43
16/12/2009 | Sportingbet Burnley Arsenal 15.15 24.24 60.61 | 14.03 22.80 63.17
16/12/2009 bwin Burnley Arsenal 14.19 2222  63.59 | 13.17 20.96 65.87
16/12/2009 bwin Chelsea Portsmouth | 80.23 13.18 6.59 | 82.62 1194 5.44
16/12/2009 Sportingbet Liverpool Wigan 69.77 20.16 10.08 | 72.63 19.11  8.25
16/12/2009 Sportingbet Tottenham Man City 40.34 2836 31.30 | 4228 29.32 2840
16/12/2009 bwin Tottenham Man City 4112  28.04 30.84 | 42.08 28.05 29.86
09/01/2010 Sportingbet Arsenal Everton 66.39 21.55 12.07 | 68.22 21.10 10.67
09/01/2010 bwin Arsenal Everton 66.12 2231 11.57 | 6848 21.25 10.27
09/01/2010 | Sportingbet | Birmingham Man United | 15.15 24.24 60.61 | 15.74 25.86 58.40
09/01/2010 bwin Birmingham | Man United | 16.82 25.35 57.83 | 1540 24.98 59.62
16/01/2010 | Sportingbet Stoke Liverpool 15.75 25.16  59.09 | 26.63 29.21 44.17
16/01/2010 bwin Stoke Liverpool 13.70  24.66 61.64 | 2496 28.86 46.18
16/01/2010 bwin Wolves Wigan 40.20 2845 31.35 | 39.33 29.34 31.33
16/01/2010 bwin Everton Man City 31.35 2845 40.20 | 3420 28.86 36.94
17/01/2010 Sportingbet Blackburn Fulham 41.31 2840 30.29 | 40.23 2829 3148
17/01/2010 bwin Blackburn Fulham 43.04 28.92 28.04 | 40.98 29.27 29.75
17/01/2010 | Sportingbet Bolton Arsenal 15.75  25.16  59.09 | 15.15 2217 62.68
17/01/2010 bwin Bolton Arsenal 14.77  25.65 59.58 | 14.20 24.28 61.52
20/01/2010 | Sportingbet Arsenal Bolton 75.86 16.55 7.59 | 76.59 1645 6.96
20/01/2010 bwin Arsenal Bolton 73.85 18.46 7.69 7841 15.42 6.17
20/01/2010 bwin Liverpool Tottenham 40.16 2799 31.85 | 41.12 28.04 30.84
26/01/2010 | Sportingbet Portsmouth West Ham 38.63 28.37 33.01 | 40.34 28.36 31.30
26/01/2010 bwin Portsmouth West Ham 40.20 2845 31.35 | 3947 2854 31.99
26/01/2010 | Sportingbet Wolves Liverpool 20.12 26.63 53.25 | 17.26 26.65 56.10
26/01/2010 bwin Wolves Liverpool 20.59 2647 5294 | 1579 24.63  59.58
26/01/2010 | Sportingbet Bolton Burnley 50.52  26.75 22.73 | 53.25 26.63 20.12
26/01/2010 bwin Bolton Burnley 51.46 27.24 21.29 | 5441 25.69 19.89
27/01/2010 Sportingbet Aston Villa Arsenal 3234 2830 3937 | 29.32 2840 42.28
27/01/2010 bwin Aston Villa Arsenal 30.36 2849 41.15 | 28.00 28.00 44.00
27/01/2010 bwin Chelsea Birmingham | 73.98 17.61 841 | 7558 16.04 8.38
27/01/2010 bwin Blackburn Wigan 4747 2848 24.04 | 48.62 2799 23.39
27/01/2010 | Sportingbet Everton Sunderland | 54.98 25.92 19.10 | 56.66 25.90 17.43
27/01/2010 bwin Everton Sunderland 54.44  26.07 19.49 | 57.76 24.64 17.60
30/01/2010 Sportingbet Liverpool Bolton 63.17 22.80 14.03 | 65.08 22.78 12.15
30/01/2010 bwin Liverpool Bolton 65.01 23.08 11.91 | 65.94 2252 11.54
30/01/2010 Sportingbet West Ham Blackburn 43.24 2838 2838 | 3234 2830 39.37
31/01/2010 bwin Man City Portsmouth | 71.24 1950 9.26 | 73.85 18.46  7.69
31/01/2010 bwin Arsenal Man United | 38.46 2797 33.57 | 37.74 28.02 34.24
01/02/2010 bwin Sunderland Stoke 47.37 2799 24.63 | 46.23 2845 25.33
03/02/2010 bwin Fulham Portsmouth | 52.88 28.04 19.08 | 55.97 26.77 17.26
06,/02/2010 bwin Liverpool Everton 52.88 27.22 1990 | 54.24 26.35 1941
06,/02/2010 bwin Burnley West Ham 39.25 28.38 32.37 | 37.70 2932 3298
06,/02/2010 Sportingbet Bolton Fulham 40.34 2836 31.30 | 43.24 28.38 28.38
06,/02/2010 bwin Sunderland Wigan 4399 2843 2758 | 46.23 2845 25.33
07/02/2010 bwin Chelsea Arsenal 52.74 26.75 20.51 | 54.24 26.35 19.41
09/02/2010 bwin Man City Bolton 68.50 21.76  9.73 | 65.01 23.08 11.91
09/02/2010 bwin Portsmouth Sunderland 37.74 28.02 34.24 | 3846 2797 33.57
09/02/2010 bwin Wigan Stoke 4399 2843 2758 | 43.05 2848 2848
09/02/2010 bwin Fulham Burnley 57.63 25.61 16.76 | 56.00 26.40 17.60
10/02/2010 bwin Aston Villa Man United 2597 2794 46.09 | 22.06 2647 51.47
10/02/2010 bwin Blackburn Hull 52.74 26.75 20.51 | 51.33 27.18 21.49
16/02/2010 | Sportingbet Stoke Man City 26.69 2793 4538 | 35.73 32.38 31.88
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16/02/2010 bwin Stoke Man City 26.43 2846 45.12 | 29.74 28.36 41.90
17/02/2010 bwin Wigan Bolton 4117  29.88 2895 | 42.11 2895 28.95
20/02/2010 bwin Everton Man United | 18.48 27.17 54.35 | 19.41 26.35 54.24
20/02/2010 | Sportingbet West Ham Hull 50.66 27.63 21.71 | 52.44 2744  20.12
20/02/2010 bwin West Ham Hull 5294 2647 20.59 | 54.24 26.35 19.41
20/02/2010 | Sportingbet Arsenal Sunderland | 76.71 1574 7.54 | 76.59 1645 6.96
20/02/2010 bwin Portsmouth Stoke 38.53 2845 33.02 | 40.20 2845 31.35
21/02/2010 bwin Aston Villa Burnley 65.01 23.08 11.91 | 68.55 20.56 10.89
21/02/2010 bwin Fulham Birmingham | 43.05 28.48 28.48 | 45.12 2846 26.43
21/02/2010 bwin Man City Liverpool 36.94 28.86 34.20 | 37.64 28.82 33.54
27/02/2010 bwin Chelsea Man City 63.89 23.75 1235 | 65.94 2252 11.54
27/02/2010 Sportingbet Birmingham Wigan 4422 2789 27.89 | 48.02 27.65 24.33
27/02/2010 bwin Birmingham Wigan 4737 2799 2463 | 48.62 27.99 23.39
27/02/2010 bwin Bolton Wolves 50.10 28.09 21.81 | 48.62 27.99 23.39
27/02/2010 | Sportingbet Burnley Portsmouth | 40.29 27.90 31.81 | 45.38 27.93 26.69
27/02/2010 bwin Burnley Portsmouth | 44.00 28.00 28.00 | 48.68 27.61 23.71
28/02/2010 | Sportingbet Tottenham Everton 47.82 2795 24.23 | 45.53 2846 26.02
28/02/2010 bwin Tottenham Everton 4737 2799 2463 | 43.98 2886 27.16
28/02/2010 | Sportingbet Sunderland Fulham 41.28 2794 30.78 | 45.38 27.93  26.69
06/03/2010 | Sportingbet Arsenal Burnley 79.88 14.03 6.08 | 81.51 13.10 5.39
08/03/2010 Sportingbet Wigan Liverpool 18.32  26.17 55.51 | 18.13 2417 57.70
09/03/2010 bwin Portsmouth Birmingham | 35.56 28.89 35.56 | 36.94 28.86 34.20
13/03/2010 Sportingbet Tottenham Blackburn 62.74 2426 13.00 | 64.87 22.15 1297
13/03/2010 | Sportingbet | Birmingham Everton 33.68 2842 37.89 | 3234 28.30 39.37
13/03/2010 bwin Birmingham Everton 33.54 28.82 37.64 | 31.96 2942 38.62
13/03/2010 | Sportingbet Bolton Wigan 4324 2838 2838 | 44.21 2832 27.46
13/03/2010 bwin Chelsea West Ham 75.56 16.76  7.68 | 76.92 1538  7.69
13/03/2010 bwin Stoke Aston Villa | 30.36 2849 41.15 | 29.74 2836 41.90
13/03/2010 | Sportingbet Hull Arsenal 13.46 21.63 64.90 | 13.42 20.13 66.45
13/03/2010 bwin Hull Arsenal 11.56 24.66 63.78 | 12.31 21.73  65.96
14/03/2010 | Sportingbet Man United Fulham 74.41 16,51  9.08 | 75.88 15.84  8.28
14/03/2010 bwin Man United Fulham 7398 17.61 841 | 75.58 16.04  8.38
14/03/2010 Sportingbet Sunderland Man City 26.69 27.93 4538 | 27.89 27.89 44.22
16/03/2010 bwin Wigan Aston Villa | 28.00 28.00 44.00 | 25.70 28.04 46.26
20/03/2010 | Sportingbet Stoke Tottenham 2746  28.32 44.21 | 28.38 2838 43.24
20/03/2010 bwin Stoke Tottenham | 29.40 28.50 42.10 | 27.58 2843 43.99
20/03/2010 bwin Sunderland Birmingham | 42.08 28.05 29.86 | 45.08 28.88 26.03
21/03/2010 bwin Man united Liverpool 55.92  25.63 18.45 | 57.63 25.61 16.76
21/03/2010 bwin Fulham Man City 33.54 28.82 37.64 | 31.35 28.45 40.20
24/03/2010 bwin Aston Villa Sunderland 60.30 23.66 16.04 | 60.30 23.66 16.04
24/03/2010 Sportingbet Man City Everton 50.52  26.75 22.73 | 47.66 27.86 24.47
24/03/2010 bwin Man City Everton 51.28 25.64 23.08 | 50.50 26.40 23.10
24/03/2010 bwin Portsmouth Chelsea 9.26 1950 7124 | 924 16.81 73.95
27/03/2010 bwin Chelsea Aston Villa | 66.17 21.05 12.78 | 67.04 21.03 11.94
27/03/2010 | Sportingbet West Ham Stoke 45.38 27.93 26.69 | 44.22 27.89 27.89
27/03/2010 bwin West Ham Stoke 46.26 28.04 25.70 | 45.12 28.46 26.43
28/03/2010 Sportingbet Burnley Blackburn 36.46 28.48 35.06 | 35.75 28.49 35.75
28/03/2010 bwin Burnley Blackburn 35.56 28.89 35.56 | 36.24 28.88 34.88
03/04/2010 bwin Man united Chelsea 43.99 2843 2758 | 36.94 28.86 34.20
03/04/2010 bwin Bolton Aston Villa | 29.86 28.05 42.08 | 32.51 28.07 39.42
03/04/2010 bwin Portsmouth Blackburn 33.02 2845 38.53 | 28.00 28.00 44.00
03/04/2010 bwin Stoke Hull 54.34 28.87 16.80 | 52.77 27.99 19.24
03/04/2010 bwin Sunderland Tottenham 27.58 2843 4399 | 2733 2733 45.33
04/04/2010 bwin Everton West Ham 63.71 23.09 13.20 | 66.17 21.05 12.78
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04/04/2010 bwin Birmingham Liverpool 20.07 27.16  52.77 | 2098 27.15 51.87
04/04/2010 Sportingbet Fulham Wigan 4782 2795 2423 | 4324 2794 2882
04/04/2010 bwin Fulham Wigan 4753 28.08 24.39 | 44.00 28.00 28.00
09/04/2010 bwin Blackburn Man United | 13.70 24.66 61.64 | 13.36 21.70 64.94
11/04/2010 Sportingbet Liverpool Wigan 69.77 20.16 10.08 | 72.73 18.18  9.09
11/04/2010 Sportingbet Man City Birmingham | 65.08 22.78 12.15 | 66.39 21.55 12.07
13/04/2010 bwin Chelsea Bolton 80.19 13.66 6.15 82.62 11.22 6.17
14/04/2010 | Sportingbet Aston Villa Everton 41.31 2840 30.29 | 40.34 2836 31.30
14/04/2010 bwin Aston Villa Everton 46.26  28.04 25.70 | 41.12 28.04 30.84
14/04/2010 bwin Wigan Portsmouth | 57.76 24.64 17.60 | 60.30 23.66 16.04
14/04/2010 bwin Tottenham Arsenal 31.85 27.99 40.16 | 30.81 27.18 42.01
17/04/2010 Sportingbet Man City Man United | 36.26 27.47 36.26 | 34.83 27.44 37.73
17/04/2010 | Sportingbet | Birmingham Hull 52.17 26.09 21.74 | 52.50 25.91 21.59
17/04/2010 bwin Fulham Wolves 50.50 2640 23.10 | 45.12 2846 26.43
17/04/2010 bwin Stoke Bolton 4997 28.02 22.01 | 47.32 2839 24.28
18/04/2010 | Sportingbet Portsmouth Aston Villa 19.10 2592 5498 | 18.13 24.17 57.70
18/04/2010 bwin Portsmouth Aston Villa | 19.50 25.03 55.47 | 16.78 23.67 59.55
19/04/2010 bwin Liverpool West Ham 67.04 21.03 11.94 | 68.39 20.07 11.54
21/04/2010 bwin Hull Aston Villa | 30.36 28.49 41.15 | 26.82 28.04 45.14
24/04/2010 bwin Man United Tottenham 63.93 21.81 14.26 | 64.20 21.01 14.79
24/04/2010 bwin Bolton Portsmouth 59.55 23.67 16.78 | 61.47 2249 16.04
24/04/2010 bwin West Ham Wigan 52.88 27.22 1990 | 51.57 25.79 22.64
24/04/2010 | Sportingbet Wolves Blackburn 40.34 2836 31.30 | 44.22 2789 27.89
24/04/2010 bwin Wolves Blackburn 39.35 29.83 30.82 | 42.08 29.86 28.05
24/04/2010 bwin Arsenal Man City 49.06 26.35 24.59 | 47.29 2598 26.73
25/04/2010 | Sportingbet Aston Villa Birmingham | 56.68 25.19 18.14 | 57.62 25.14 17.24
25/04/2010 bwin Aston Villa Birmingham | 57.76 24.64 17.60 | 59.55 23.67 16.78
01/05/2010 bwin Portsmouth Wolves 33.00 27.18 39.83 | 40.23 2892 30.85
01/05/2010 bwin Stoke Everton 2643 2846 4512 | 26.35 27.53 46.12
01/05/2010 bwin Tottenham Bolton 73.98 17.61 841 73.95 16.81 9.24
02/05/2010 | Sportingbet Liverpool Chelsea 25.29 26.78 47.92 | 23.83 25.87 50.30
02/05/2010 bwin Liverpool Chelsea 33.09 25.74 41.18 | 2254 24.65 52.81
02/05/2010 bwin Fulham West Ham 41.08 27.59 31.33 | 38.58 2893 3249
02/05/2010 | Sportingbet Sunderland Man United | 13.04 21.74 65.22 | 12.07 21.55 66.39
02/05/2010 bwin Sunderland Man United | 1231 21.73 65.96 | 10.84 18.25 70.90
03/05/2010 Sportingbet Wigan Hull 50.44 2794 21.62 | 53.28 25.16 21.56
03/05/2010 bwin Wigan Hull 52.09 2649 2141 | 53.76 25.69 20.55
03/05/2010 bwin Blackburn Arsenal 2846 2643 4512 | 27.24 2646 46.30
05/05/2010 bwin Man City Tottenham | 50.00 25.00 25.00 | 48.63 26.40 24.97
09/05/2010 | Sportingbet Arsenal Fulham 75.86 16.55 7.59 | 79.03 13.98  6.99
09/05/2010 bwin Arsenal Fulham 7837 14.23 740 | 79.46 13.17  7.37
09/05/2010 bwin Bolton Birmingham | 42.08 28.05 29.86 | 44.00 28.00 28.00
09/05/2010 Sportingbet Burnley Tottenham 10.65 19.69 69.66 | 15.79 21.61 62.60
09/05/2010 bwin Burnley Tottenham 1441 2196 63.62 | 13.70 2255 63.76
09/05/2010 bwin Chelsea Wigan 84.00 10.56 5.44 85.43 9.71 4.86
09/05/2010 Sportingbet Everton Portsmouth | 71.01 18.25 10.74 | 74.17 15.76  10.07
09/05/2010 bwin Everton Portsmouth | 71.20 1851 10.28 | 73.95 16.81  9.24
09/05/2010 bwin Hull Liverpool 16.07 24.32  59.61 | 15.76 21.95 62.29
09/05/2010 bwin Man United Stoke 82.62 1194 544 | 8397 1026 5.77
09/05/2010 Sportingbet West Ham Man City 19.10 2419 56.71 | 25.16 25.88 48.96
09/05/2010 bwin West Ham Man City 23.18 2473 52.09 | 2433 25.69 49.98
09/05/2010 bwin Wolves Sunderland 40.23 2892 30.85 | 41.12 28.04 30.84
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Appendix B.1: Subjective scenarios and assumptions per

specified variable (node)

Table B.1.1. Team Strength (as presented in Figure 6.2)

1D Variable (node) Description Subjective Scenarios
L Subjective team strength (in | Expert indication regarding the current [0,114]
points) strength of the team in seasonal points.
11 Confidence Expert indication regarding its confidence [Very High, High,
about his input (I). Medium, Low, Very Low]
III. | Current Points Assumption: Variance as demonstrated in
Figure 6.1, given variable "Number of -
matches played".
IV. | Points during season 2005/06 | Assumption: variance=(Variance+376 ) -
V. | Points during season 2006/07 | Assumption: variance=(Variance+375 ) -
VI. | Points during season 2007/08 | Assumption: variance=(Variance+374 ) -
VII. | Points during season 2008/09 | Assumption: variance=(Variance+3"3 ) -
VIII. | Points during season 2009/10 | Assumption: variance=(Variance+3"2 ) -
IX. | Predicted mean (in points) The predicted team strength after
considering all of the seven parameters -
Assumption: mean=>57, variance=300
Table B.1.2. Team Form (as presented in Figure 6.3)
1D Variable (node) Description Subjective Scenarios
L Primary key-player Expert indication regarding his confidence about | [Very High, High,
availability the availability of the primary key-player. Medium, Low, Very Low]
11 Secondary key-player Expert indication regarding his confidence about | [Very High, High,
availability the availability of the secondary key-player. Medium, Low, Very Low]
III. | Tertiary key-player Expert indication regarding his confidence about | [Very High, High,
availability the availability of the tertiary key-player. Medium, Low, Very Low]
1V. | Remaining first team Expert indication regarding his confidence about | [Very High, High,
players availability the availability of the remaining first-team Medium, Low, Very Low]|
players.
V. First team players Expert indication regarding the potential return [Very High, High,

returning

of other first team players who missed the last
few matches.

210

Medium, Low, Very Low]



pi-football: A BN model for forecasting football matches (Chapter 6) | APPENDIX B

confidence (out of Very High)'. On the other hand, we have introduced
a 5-point decrease for Man United with High confidence®. Accordingly,
the inputs were [72,High] and [80,High] for Man City and Man

United respectively.

4) The model summarises the seven parameters in node Mean. The impact
each parameter has is dependent on its certainty (variance). For Man
City the summarised belief in total points (node Mean) is 68.95
whereas for Man United is 80.78. Note that the variance introduced for
Man City is a higher than that of Man United; 26.83 and 21.92

respectively.

5) Each team's Mean is converted in the predetermined 14-scale ranking.
The model suggests that Man City will most likely perform similar to
teams ranked 3 to 4 (out of 14), whereas for Man United it mostly

suggests ranks 1 and 2.

6) The model generates the objective forecast in node Match Prediction,
by considering each teams estimated ranking, before proceeding to
potential forecast revisions suggested by the expert constructed

component models 2, 3 and 4.

'A 5-point increase was suggested due to high profile players joining the team during the
summer transfer window.

2A 5-point decrease was suggested due to the significant decrease in stamina observed by the
older core-team players (e.g. Scholes, Giggs, Ferdinand, Vidic) without taking care of

appropriate replacements.
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Appendix B.4: Evidence of significant improvements in f,

by subjective information

In this section we provide evidence of football matches in which subjective
information revised f, the most. Table B.4.1 presents 17 with the highest
absolute RPS discrepancies between f, and fs forecasts, assuming a minimum
discrepancy level of 0.1. The instances are ranked by highest discrepancy and

the 'Decision’ column indicates whether the subjective information improved

fo-

Overall, the results appear to be particularly encouraging. Only in 6
out of the 17 cases our subjective information leads to a higher forecast error.
The results are even more encouraging when we only concentrate on the first
10 highest discrepancy instances, in which subjective revisions improve 8 out
of the 10 instances. Further, in those 17 instances we have observed 15
distinct teams, and no evidence exist that strong subjective indications follow
a particular type of a team. A rather surprising and interesting observation is
that the observed outcome is a draw in only in 1 out of the 17 instances

presented here.
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Table B.4.1: RPS discrepancies = 0.1 between objective (f,) and revised (f); ranked by

highest discrepancy

RPS Home Away Objective (fo) Revised (fs)

Discrep. Date Team Team R | pH pD) p@A) | pH  pD) p(A) | Decision
.2078 14/05/2011 Sunderland Wolves A | 4942 3403  .1656 | .2627  .4124  .3250 v
1765 06/03/2011 Liverpool Man Utd H | 2392 2219 5389 | .3423  .3691  .2887 v
.1614 03/10/2010 Liverpool Blackpool A | 8303 .1412 .0285 | .6516  .2895  .0589 v
.1582 09/04/2011 Man Utd Fulham H | 7570  .1881 .0549 4016 4552 1432 x
1421 22/05/2011 Stoke Wigan A | 5140  .3023 1837 | L3535 3684 2781 v
.1406 02/10/2010 Sunderland Man Utd D | 1223  .1940  .6837 | .2029  .3973  .3998 v
1322 18/09/2010 Tottenham Wolves H | .7422 1751 0827 | 4396  .4063 1541 x
1307 06/11/2010 Bolton Tottenham | H | .2519  .2523  .4958 | .3384  .3358  .3259 v
1270 22/08/2010 Newcastle Aston Villa | H | .2693 .3161  .4146 | .3828 .3514  .2658 v
1228 25/01/2011 Wigan Aston Villa | A | .3436  .3431  .3133 | .2058  .3433  .4508 v
1219 29/12/2010 Liverpool Wolves A | 7162 Ar1r o 1121 8058 1406 .0536 x
1156 23/04/2011 Sunderland Wigan H | 4138  .3310 .2552 2848  .3568 .3584 x
1150 01/02/2011 | Sunderland Chelsea A | 2661 .3861  .3478 | .1556  .3363  .5082 v
1104 27/12/2010 Arsenal Chelsea H | 4034 .3383  .2583 | .2828  .3578  .3594 x
1102 28/12/2010 Sunderland Blackpool A | 5200 2791  .2009 | .3929  .3380  .2692 v
.1063 25/09/2010 Arsenal West Br. A | 8196 .1499  .0305 | .7063  .2424  .0512 v
1023 22/01/2011 Wolves Liverpool A | 3070  .3465  .3466 | .4038  .3465 = .2497 *
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Appendix B.5: Betting simulation given objective forecasts

Crmmdative Profit (£

1 ol Lol L5l 201 251 301 351
Match

Figure B.5.1. Cumulative profit/loss observed given f, when simulating the standard betting

strategy at discrepancy levels of = 5% against a) fiaxg, D) fineans and ¢) fiyy.
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Appendix B.6: Betting simulation at different levels of

discrepancy given fs

Table B.6.1. Betting simulation stats given fs against ) finaxg, D) fmeans and ¢) fiyy at

discrepancy levels from 1% to 20%

Maximum odds Mean odds William Hill odds
Profit/
No. of Returns Profit/Lo | No. of  Returns Loss No. of  Returns Profit/Loss
Discrepancy | bets (£) ss (£) bets (£) (£) bets (£) (£)
1% 358 356.24 -0.49% 280 266.25 -4.91% 284 276.04 -2.80%
2% 325 320.21 -1.47% 240 225.93 -5.86% 234 235.98 0.85%
3% 275 277.85 1.04% 189 187.07 -1.02% 192 191.12 -0.46%
4% 225 236.87 5.28% 136 144.85 6.51% 147 159.44 8.46%
5% 169 183.19 8.40% 109 112.13 2.87T% 123 134.66 9.48%
6% 131 148.4 13.28% 85 84.96 -0.05% 95 102.31 7.69%
7% 107 119.92 12.07% 68 64.86 -4.62% 67 68.91 2.85%
8% 84 92.43 10.04% 53 54.79 3.38% 45 49.53 10.07%
9% 71 82.36 16.00% 36 39.19 8.86% 34 32.71 -3.79%
10% 52 62.61 20.40% 26 16.97 -34.73% 24 23.55 -1.88%
11% 41 55.61 35.63% 15 7.82 -47.87% 19 21.82 14.84%
12% 25 18.05 -27.80% 12 7.82 -34.83% 13 7.82 -39.85%
13% 15 10.39 -30.73% 10 7.82 -21.80% 10 7.82 -21.80%
14% 12 8.3 -30.83% 8 7.82 -2.25% 10 7.82 -21.80%
15% 10 8.3 -17.00% 7 7.82 11.711% 7 7.82 11.711%
16% 7 8.3 18.57% 5 6.2 24.00% 6 6.2 3.33%
17% 6 8.3 38.33% 2 0 -100% 3 24 -20.00%
18% 5 5.9 18.00% 2 0 -100% 2 0 -100%
19% 2 0 -100% 1 0 -100% 1 0 -100%
20% 2 0 -100% 1 0 -100% 1 0 -100%
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Appendix B.7: Forecast examples generated by pi-football

Table B.7.1. Objective (f,) and subjective (fs) forecasts generated by pi-football, at the

beginning of the EPL season 2010/11

Home Away Objective (fp) Subjective (fs)

Date Team Team Result p(H) p(D) p(4) p(H) p(D) p(4)
14/08,/2010 Aston Villa West Ham H 60.92 23.971  15.109 61.735 23.67 14.596
14/08,/2010 Blackburn Everton H 34.382 29.314  36.304 36.338 29.781 33.881
14/08/2010 Bolton Fulham D 46.863  29.199  23.938 | 46.863 29.199 23.938
14/08/2010 Chelsea West Brom H 87.055  12.706 0.24 89.581 10.227 0.192
14/08/2010 Sunderland Birmingham D 44.366  29.623  26.011 | 44.197 29.679 26.124
14/08,/2010 Tottenham Man City D 35.178  33.654  31.168 32.82 33.756 33.424
14/08,/2010 Wigan Blackpool A 53.939  30.156  15.905 53.939 30.156 15.905
14/08/2010 Wolves Stoke H 38.763  31.563  29.674 37.778 31.746 30.477
15/08,/2010 Liverpool Arsenal D 51.705  27.305  20.99 54.007 26.773 19.22
16/08,/2010 Man United Newcastle H 81.665  16.058  2.277 83.853 14.18 1.966
21/08/2010 Arsenal Blackpool H 85.569  12.668 1.763 85.695 12.56 1.746
21/08,/2010 Birmingham Blackburn H 44.269  29.088  26.643 | 49.695 28.632 21.673
21/08,/2010 Everton Wolves D 73.202 17433  9.365 69.731 20.077 10.192
21/08/2010 Stoke Tottenham A 27.657  29.283  43.059 28.289 29.58 42.13
21/08/2010 West Brom Sunderland H 36.848  33.163  29.989 36.325 33.216 30.459
21/08/2010 West Ham Bolton A 39.606  32.217  28.177 | 35.012 33.074 31.913
21/08/2010 Wigan Chelsea A 9.945 16.713  73.342 6.465 14.345 79.19
22/08/2010 Fulham Man United D 13.416  22.345  64.239 12.059 21.442 66.499
22/08/2010 Newcastle Aston Villa H 26.934 31.612  41.455 38.277 35.144 26.58
23/08/2010 Man City Liverpool H 55.566  26.104 18.33 59.331 24.983 15.686
28/08,/2010 Blackburn Arsenal A 29.444  31.547  39.009 | 24.496 31.194 44.31
28/08/2010 Blackpool Fulham D 28.052  31.672  40.276 28.272 31.732 39.996
28,/08/2010 Chelsea Stoke H 80.673  16.736  2.591 84.022 13.905 2.073
28,/08/2010 Man United West Ham H 82.525  15.553 1.922 84.627 13.711 1.662
28/08/2010 Tottenham Wigan A 73.716  17.443  8.841 73.327 17.74 8.934
28/08/2010 Wolves Newcastle D 40.609  32.837  26.554 37.192 33.491 29.318
29/08/2010 Aston Villa Everton H 45.276  31.446  23.277 | 44.676 31.63 23.695
29/08/2010 Bolton Birmingham D 39.858  31.208  28.934 36.146 32.013 31.84
29/08/2010 Liverpool West Brom H 80.318  15.187  4.495 77.822 17.212 4.967
29/08/2010 Sunderland Man City H 21.155 20.44  58.405 21.584 21.237 57.179
11/09/2010 Arsenal Bolton H 70.745  19.864  9.391 70.751 19.861 9.388
11/09/2010 Everton Man United D 27.891  25.825  46.284 31.386 28.593 40.021
11/09/2010 Fulham Wolves H 46.98 29.379  23.641 48.281 29.125 22.594
11/09/2010 Man City Blackburn D 69.118  20.636  10.246 62.251 25.453 12.296
11/09/2010 Newcastle Blackpool A 55.782  31.301  12.918 51.035 33.384 15.581
11/09/2010 West Brom Tottenham D 22.674  28.013  49.314 25.911 30.475 43.614
11/09/2010 West Ham Chelsea A 7.98 16.013  76.007 7.879 15.911 76.21
11/09/2010 Wigan Sunderland D 40.77 32,102 27.128 41.178 32.039 26.784
12/09/2010 Birmingham Liverpool D 30.374  29.364  40.262 35.557 31.287 33.155
13/09/2010 Stoke Aston Villa H 29.946  29.846  40.208 35.597 31.808 32.595
18/09/2010 Aston Villa Bolton D 67.813  20.418 11.768 66.943 21.027 12.03
18/09/2010 Blackburn Fulham D 49.733  28.365  21.902 48.58 28.861 22.559
18/09/2010 Everton Newcastle A 64.358  22.042 13.6 63.488 22.615 13.898
18/09/2010 Stoke West Ham D 45.372  31.286  23.342 39.697 33.048 27.255
18/09/2010 Sunderland Arsenal D 17.0561  20.505  62.444 21.997 30.62 47.383
18/09/2010 Tottenham Wolves H 74.223 17506  8.271 43.964 40.629 15.407
18/09/2010 West Brom Birmingham H 33.397 32,167  34.436 34.729 32.261 33.01
19/09/2010 Chelsea Blackpool H 88.112  11.363  0.525 88.753 10.751 0.496
19/09/2010 Man United Liverpool H 58.15 28.169  13.681 61.165 26.618 12.217
19/09/2010 Wigan Man City A 23.721  26.167  50.113 25.023 27.358 47.619
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Appendix C.1: Cumulative Returns based on BP; and BP,
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Figure C.1.1. Cumulative unit-based returns based on BP; and BP, according to the specified

discrepancy level.
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Figure C.1.2. Cumulative unit-based returns based on BP; and BP, according to the specified

discrepancy level.
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Appendix C.2: Risk Assessment of Profit and Loss based
on the specified betting procedure.
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Figure C2.1. Risk assessment of concluding expected season returns according to each betting

procedure.
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Appendix C.3: Model performance when considering

arbitrage opportunities.
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Figure C.3.1. Cumulative unit-based returns based on BPg;; assuming no discrepancy
restrictions (set to 0%) and according to the specified bankrolls prior to initialising the

betting simulation.
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Figure C.3.2. Cumulative unit-based returns based on BPs;, assuming no discrepancy
restrictions (set to 0%) and according to the specified bankrolls prior to initialising the

betting simulation.
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Figure C.3.3. Cumulative unit-based returns based on BPs;3; and according to the specified

bankrolls prior to initialising the betting simulation.
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Figure C.3.4. Cumulative unit-based returns based on BPs;, and according to the specified

bankrolls prior to initialising the betting simulation.
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Appendix C.4: Performance based on parameters of

component level 3
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Figure C.4.1. Cumulative unit-based returns based on BP; for match instances with the

specified evidence.
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Figure C.4.2. Cumulative unit-based returns based on BP, for match instances with the

specified evidence.
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Figure C.4.3. Cumulative unit-based returns based on BP; for match instances with the

specified evidence.
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Figure C.4.4. Cumulative unit-based returns based on BP, for match instances with the

specified evidence.

228

222
235
248
261
274
287
300
313
326
339
352
365

378




Profiting from an inefficient football gambling market (Chapter 7)

APPENDIX C

Appendix C.5: Team-based efficiency against market odds.

343 — = 343 | —
305 e — 305 |~ =
267 [ —— 267 o
229 | — 2 229 | 7
191 = 191
153 - 153 -
115 - 115 -
77 = LA -
39 e Liverpool 39 o QPR
1 = 1
-300 0 300 600 900 1200 1500 -200 O 200 400 £00 800 1000
343 - 343 -
305 - 305 —
267 o 267 -
220 | — 229 S
191 S 191 I f—
153 - 153 =
115 = 1ms | - ——
77 — 77 - -
39 —_— —  Arsenal 39 T Newcastle
1 R 1
-300 0 300 600 900 -250 0 250 500
343
305 —
3 267 I
g 229 =T
t _ -
£ 191 — _
5 153 o
E 115 —T_ o
77 | —
39 - Chelsea
1 _
-500 0 500 1000

Profit/Loss (Units)

Figure C.5.1. Team-based explicit returns against market odds throughout the EPL season.
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Appendix C.6: Unit-based performance relative to the

previous model
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APPENDIX D

Determining the level of ability of
football teams by dynamic ratings
based on the relative discrepancies in

scores between adversaries (Chapter 8)
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Appendix D.1: Rating development over a period of 20
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Figure D.1.1. Rating development over a period of 20 seasons for the six most popular EPL

teams (from season 1992/93 to season 2011/12 inclusive).
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